With the rapid decline in biodiversity worldwide it is imperative to develop procedures for assessing changes in biodiversity across space. The synoptic view provided by imaging remote sensors constitutes a suitable approach for analyzing biodiversity from local to regional scales. A procedure based on the close relationship between floristic similarity and the similarity in land surface phenology was recently developed and successfully applied to assess diversity patterns using time series imagery acquired by the Moderate Resolution Imaging Spectro-radiometer (MODIS). However, as it depends on high temporal resolution remotely sensed data (e.g., MODIS), the procedure is constrained by the coarse spatial resolution characterizing these high temporal resolution data. Using an optimized technique for image fusion, we combined high temporal resolution data acquired by the MODIS sensor system with moderate spatial resolution data acquired by the Landsat TM/ETM+ sensor systems. Our results show that the MODIS/Landsat data fusion allows the characterization of land surface phenology at higher spatial resolutions, which better corresponded with information acquired within vegetation survey plots established in temperate montane forests located in Wolong Nature Reserve, Sichuan Province, China. As such, the procedure is useful for capturing changes in biodiversity induced by disturbances operating at large spatial scales and constitutes a suitable tool for monitoring and managing biodiversity.
Introduction
Human activities continue to put pressure on biodiversity around the globe. To develop effective conservation actions it is imperative to analyze and monitor the spatio-temporal dynamics of biodiversity (such as the number and composition of species), particularly in response to human-induced disturbances. Such analyses require indicators that allow fast, synoptic and accurate assessments of biodiversity patterns at multiple scales (Turner, 2014) . The synoptic view provided by imaging remote sensors constitutes a suitable approach for analyzing biodiversity from local to regional scales (Rose et al., 2015; Turner, 2014; Turner et al., 2003) . Some studies have evaluated direct pixel-based relationships between the spatial patterns of biodiversity and multispectral imagery (Rocchini, 2007; Rocchini et al., 2010; Thessler et al., 2005; Tuomisto et al., 2003) , while others utilize extensive spectral libraries of individual plant species that are then used to map biodiversity patterns using hyper-spectral imagery Martin, 2008, 2009; Carlson et al., 2007; Féret and Asner, 2014 ). Yet, these methods have not seen a widespread adoption due to the low availability and high economic cost of pertinent remotely sensed data (e.g., hyper-spectral imagery). In addition, these methods tend to be constrained to particular geographic locations, individual species and/or species assemblages, and do not necessarily account for the seasonal variability of canopy spectral characteristics in response to the phenologic dynamics of vegetation.
Alternatively, novel procedures for remotely assessing the spatial and temporal changes in the distribution of individual species and of regional biodiversity pools have been devised based on the use of data acquired with a high temporal resolution Viña et al., , 2012 . Specifically, these procedures have been used for evaluating the spatial distribution of understory species , for analyzing wildlife habitat suitability Tuanmu et al., 2011; Viña et al., , 2010 , and for evaluating floristic similarity patterns across space (Viña et al., 2012) . Based on the close relationship between floristic similarity and the similarity in land surface phenology, these procedures are suitable for assessing the effectiveness of conservation activities (Viña et al., 2012) . Their drawback is that the high temporal resolution remotely sensed data required for them are http://dx.doi.org/10.1016/j.ecolind.2016.01.007 1470-160X/© 2016 Elsevier Ltd. All rights reserved. also acquired at coarse spatial resolutions (ca. 250 × 250 m/pixel or larger), which in most cases do not completely relate with the spatial resolution of the field data used to calibrate them. The main goal of this study was to explore the suitability of using land surface phenology obtained through the fusion of high temporal resolution but coarse spatial resolution data (i.e., MODIS) with moderate spatial resolution data (i.e., Landsat TM/ETM+) as an indicator of floristic similarity patterns across space.
Methods

Study region
The Wolong Nature Reserve was established in 1975 and currently encompasses ca. 200,000 ha (Liu et al., 1999) (Fig. 1) . It is one of the largest nature reserves designated for the conservation of the endangered giant panda (Ailuropoda melanoleuca) and contains ca. 10% of the entire wild panda population (State Forestry Administration, 2006) . Situated between the Sichuan Basin and the Qinghai-Tibet Plateau in China's southwest Sichuan province, it is characterized by a strong elevational range, from ca. 1200 m to more than 6200 m. Mean annual rainfall is ca. 880 mm, with the monsoon between June and September typically bringing a high frequency of heavy rainfall events (Schaller et al., 1985) . Due to its large elevational range, rugged terrain and complex geology and soils, the Reserve exhibits high biological diversity, containing more than 6000 species of plants and animals. In fact, it is located within one of the top global biodiversity hotspots, the Southwest China biodiversity hotspot (Liu et al., 2003; Myers et al., 2000) . Vegetation is dominated by temperate montane forests which by 2007 comprised about 38% of the Reserve , with evergreen and deciduous broadleaf stands located at lower elevations and subalpine coniferous stands located at higher elevations. The dense understory of these forests is dominated by bamboo species such as Bashania fabri and Fargesia robusta, the staple food of the giant panda (Reid and Hu, 1991; Schaller et al., 1985; Taylor and Qin, 1993) .
The Reserve is also home to more than 5000 local residents in over 1200 households distributed in six villages (Fig. 1) . These local residents are mainly dependent on farming. In recent years the Reserve has experienced a boom in tourism, with a 10-fold increase in the number of visitors, from ca. 20,000 in the 1990s (Lindberg et al., 2003) to more than 200,000 in 2006 (He et al., 2008 ). This increase has been accompanied by rapid development of tourism infrastructure (e.g., hotels, restaurants), together with road construction. Previous studies have shown that many forest areas have been replaced by other land cover types resulting in rapid degradation of forests and panda habitat, so that from 1974 to 1997 the degradation continued unabated, and the fragmentation of highquality panda habitat became more severe (Liu et al., 2001; Viña et al., 2007) . More recently, however, the deforestation trend inside the Reserve has been slowing due in part to the implementation of national conservation policies (Viña et al., 2007 .
Due to its highly dynamic natural and human components and their interrelations, this Reserve is an ideal coupled human and natural system for examining the dynamics of biodiversity. Our research group has been performing long-term studies in this region since 1996 (Linderman et al., 2006; Liu et al., 1999; Viña et al., 2007; Yang et al., 2015) and many findings and methods developed in this study region have been applied to local, regional, national, and international settings (Carter et al., 2014; Li et al., 2013; Liu et al., 2003; Viña, 2014, Liu et al., 2016) .
Field data
Vegetation surveys were conducted in the summer of 2007 along four trails across the Reserve (numbered 1-4 in Fig. 1 ). These trails were chosen because they comprise different types of forests and thus provide a good representation of the forest vegetation in the Reserve. The locations of the survey sites were based on a systematic sampling along each trail. To this effect, a starting location was established ca. 100 m from the beginning of each trail (ca. 100 m from the nearest household location in trails 1-3; Fig. 1 ). Subsequent survey sites were located at regular intervals of 300 steps (i.e., between 200 and 300 m, depending on topography). A total of 62 sites were sampled along the four trails. A 10 m by 20 m rectangular plot was established in each survey site, with its longer axis perpendicular to the trail. The center of each plot was georeferenced using Global Positioning System (GPS) receivers, which were also used to collect elevation data. The overall slope at each plot was determined using a clinometer. Tree stem density was established within each plot by counting all stems with a diameter at breast height larger than 5 cm. The species of each tree counted was recorded, together with the presence of understory bamboo species, when present. (Vermote et al., 1997) . This time series of surface reflectance data was used to obtain land surface phenology. Land surface phenology is defined as the seasonal pattern of variation in the vegetated land surface observed using remotely derived vegetation indices. Vegetation indices are mathematical combinations of different spectral bands that constitute semi-analytical measures of vegetation activity. Their main purpose is to enhance the information contained in spectral reflectance data, by extracting the variability due to vegetation characteristics (e.g., leaf area index, vegetation canopy cover) while minimizing soil, atmospheric, and sun-target-sensor geometry effects (Moulin, 1999) . Vegetation indices constitute a simple and convenient approach to extract information from remotely sensed data, due to their ease of use, which facilitates the processing and analysis of large amounts of data acquired by satellite platforms (Govaerts et al., 1999; Myneni and Hall, 1995) . To assess land surface phenology in the study region we used the Visible Atmospherically Resistant Vegetation Index (VARI) (Gitelson et al., 2002) (Fig. 2) :
Where is surface reflectance in the blue, green and red spectral bands of the MODIS sensor system. This index was chosen because it is sensitive not only to changes in chlorophyll content (Gitelson et al., 2002; Perry and Roberts, 2008) , but also to changes in the relative content of other foliar pigments such as anthocyanins (Viña and Gitelson, 2011) . Therefore, VARI is useful for detecting changes associated with phenophases that go beyond the seasonal variability of photosynthetic biomass (e.g., flowering, fruiting, senescence) (Viña et al., 2004) . The phenologic similarity assessed through this index has been successfully related with floristic similarity (Viña et al., 2012) , and thus is suitable for assessing changes in floristic similarity across space and through time. VARI has also been used to detect live fuel moisture (Roberts et al., 2006) , canopy moisture content (Stow et al., 2005) and water stress (Perry and Roberts, 2008) , using different close-range and remote sensors. To minimize the effects of the temporally and spatially extensive cloud cover characteristic of the study region, particularly during the monsoon period (between June and September), we smoothed the time series of VARI by means of an adaptive filter (Savitzky and Golay, 1964) using the Timesat software (Eklundh and Jonsson, 2012) . To this effect, a quadratic polynomial function is calculated for all pixels over a moving temporal window, and the observed value is replaced by the value of the polynomial for its respective temporal position in the time series. The result is a smoothed curve adapted to the upper values of the time-series (Eklundh and Jonsson, 2012) . The smoothing (i.e., polynomial) function requires data over a moving temporal window, thus, it was necessary to have observational data acquired before and after the targeted temporal window of analysis. In our case, we used data collected in [2005] [2006] [2007] [2008] to obtain a smoothed time series for 2007. Because VARI values under cloudy conditions are lower, this filter is particularly suitable for minimizing the reduction in VARI values due to cloud cover, while retaining the observed seasonal variability of the time series.
Landsat TM/ETM+ data
Cloud-free multi-spectral Landsat 5 Thematic Mapper (TM) and gap-filled Landsat 7 Enhanced Thematic Mapper Plus (ETM+) images (WRS-2 Path 130, Rows 38-39; ca. 30 m/pixel) acquired on April 19, 2007 and September 18, 2007 were obtained geometrically rectified from the United States Geological Survey Global Visualization Viewer (http://glovis.usgs.gov). The level 1T digital number (DN) data of the reflective bands (1 to 5 and 7) of these images were converted to at-sensor radiance and further to atsensor reflectance following standard procedures (Chander et al., 2009) . A linear regression technique was used to match the April 19, 2007 ETM+ images (slaves) to the September 18, 2007 TM images (master). This regression technique was applied separately for each individual band. Per-pixel VARI values were obtained from these radiometrically rectified images and a single VARI value per pixel for the year 2007 was obtained as the maximum value between the two image dates (Fig. 2B ).
MODIS/Landsat data fusion
Because of the tradeoffs among spatial, spectral, and temporal resolutions, a sensor system capable of producing images with a fine resolution in all these realms is not currently available. However, as many land change assessments require spatial detail combined with frequent acquisitions, the use of image fusion techniques that blend data from multiple sensor systems for generating synthetic data with finer resolutions is becoming common practice (Boschetti et al., 2015; Gangkofner et al., 2008; Gevaert and García-Haro, 2015; Hilker et al., 2009; Roy et al., 2008) . Imagery acquired with a comparatively high spatial resolution such as Landsat TM/ETM+ are commonly used to capture spatial detail, while coarse spatial and high temporal resolution imagery such as MODIS are commonly used to capture fine-temporal changes over time (Hilker et al., 2009) . The fusion of these two different datasets therefore theoretically allows capturing fine-temporal changes with a fine spatial detail. Data acquired by the Landsat TM/ETM+ and MODIS sensors are particularly appropriate to be fused given their similar spectral characteristics. In addition, the Landsat 7 (carrying the ETM+ sensor) and the Terra (carrying the MODIS sensor) satellites share the same orbit, thus collect imagery under similar viewing and solar zenith angles, and atmospheric conditions (Roy et al., 2008) . The Landsat 5 is also on the same orbit but with an 8-day offset from the Terra acquisition date, thus collects data under similar viewing and solar zenith angles but with different atmospheric conditions.
For fusing MODIS time series imagery with Landsat TM/ETM+ data, we used the Optimized High-pass Filter Additive (HPFA) technique (Chavez et al., 1991; Schowengerdt, 1980) . This technique is a tunable and versatile image fusion method in the spatial domain that allows inserting the structural and textural detail characteristic of datasets with a high spatial resolution into a lower spatial resolution multi-band dataset. In a recent comparison of twelve fusion algorithms, this technique was ranked as one of the best in maintaining high fidelity of spatial and multi-band information (Witharana et al., 2014) . The HPFA technique has been optimized, standardized and extended to be applicable to more diverse multiresolution data sets, while preserving the information content of the original multi-band dataset (Gangkofner et al., 2008) . While this technique has been used mainly for obtaining high spatial and spectral imagery, in this study we used it to obtain synthetic imagery with high spatial and temporal resolutions. To this effect, we used the 30 m/pixel image with the maximum VARI value derived from the Landsat TM and ETM+ images for 2007 as the high spatial resolution dataset, and the 500 m/pixel VARI image time series of 2007 (i.e., 46 images) as the low resolution multi-band dataset (Fig. 2C) . The maximum VARI value derived from the Landsat TM and ETM+ images of April 19 and September 18, 2007 was used, instead of a single date of imagery (i.e., either the image of April 19 or of September 18), to reduce potential effects of a single phenological stage on the spatial structure of the high spatial resolution dataset.
While currently there are procedures oriented to produce high spatial and temporal multi-spectral fused datasets (Gevaert and García-Haro, 2015; Hilker et al., 2009) , such procedures were not required in our analysis given that the entire multi-spectral information of the Landsat TM/ETM+ and MODIS sensors was not needed. Therefore, we chose the HPFA because it is computationally simpler and produces fused image datasets with high fidelity. To test the fidelity of the multi-temporal information contained in the fused high-resolution imagery created with the HPFA technique (Fig. 2C) , we regressed the VARI values derived from 200 randomly distributed pixels (with a minimum inter-pixel distance of 600 m) from the synthetic (i.e., MODIS/Landsat fused) image corresponding to the eight-day VARI composite of Day of the Year (DOY) 258-265 in 2007, against those derived from the Landsat TM image of September 19, 2007 (i.e., DOY 262) , and found a high significant relationship (Fig. 3) . In addition, we used a Mantel test (Legendre, 2000) to assess the divergence between the correlations among the 46 eight-day composite VARI images of the synthetic MODIS/Landsat dataset of 2007 from those of the original MODIS time series imagery of 2007. The Mantel test constitutes a correlation analysis that adjusts for the increased number of cases deriving from the use of correlation matrices (i.e., among the multiple bands of the MODIS and MODIS/Landsat VARI image time series). The significance of this Mantel test was determined through a Monte Carlo permutation analysis in which the rows and columns in the correlation matrices were randomly permuted 999 times. The significance measure corresponds to the number of times the Mantel correlation coefficient of the permuted matrices exceeds the original (i.e., non-permuted) coefficient (Legendre, 2000) . A high (i.e., 0.9) and significant (p < 0.001) Mantel correlation coefficient was found between the MODIS and the MODIS/Landsat datasets, denoting a high fidelity of the multi-temporal information contained in the fused high-resolution imagery created with the HPFA technique.
2.4. Numerical analyses 2.4.1. Relationship between floristic and phenologic similarities A matrix of floristic similarity among the 62 field plots was established using the Jaccard index (Jaccard, 1908) for presence-absence of tree and understory bamboo species. To place the field plots in a floristic ordination space, we used this matrix in a non-metric multi-dimensional scaling (NMDS) procedure, which maximizes the rank-order correlation between the similarity measures and the relative distances within the ordination space (Legendre and Legendre, 1998) . The relationships among the NMDS ordination axes with topographic variables (i.e., elevation, slope and slope aspect) and distance to the main road (used as an inverse surrogate of human influence) were assessed, while accounting for spatial autocorrelation (Dutilleul, 1993) .
To reduce the effects of temporal autocorrelation in the fused MODIS/Landsat VARI image time series, a principal components analysis (PCA) was performed. A few principal components effectively summarize the dominant modes of the spatio-temporal variation, therefore retaining most of the information contained in the image time series (Benedetti et al., 1994; Eklundh and Singh, 1993; Townshend et al., 1985) . The first six principal components (explaining ca. 99% of the total variance) were retained.
To assess the relationship between the floristic similarity and the phenologic similarity, we calculated a matrix of inter-pixel (i.e., pixels comprising the 62 field plots) Euclidean distances (converted to similarity by changing their sign) based on the principal components obtained from the fused MODIS/Landsat VARI image time series. This inter-pixel Euclidean distance matrix was correlated with the matrix of inter-plot Jaccard similarities using a Mantel correlation coefficient (Legendre, 2000) . The significance of this coefficient was determined through a Monte Carlo permutation analysis in which the rows and columns in the Jaccard similarity or Euclidean distance matrices were randomly permuted 999 times. The significance measure corresponds to the number of times the Mantel correlation coefficient of the permuted matrices exceeded the original (i.e., non-permuted) coefficient (Legendre, 2000) . To control for the potential effects of spatial autocorrelation (Borcard et al., 1992) , a partial Mantel correlation coefficient (Legendre, 2000) was also calculated using an inter-plot geographic distance matrix as a co-variable.
Use of phenologic similarity as an indicator of floristic similarity
To assess floristic similarity using phenologic similarity, a multiple linear regression model was developed using the floristic ordination axes (i.e., derived from the NMDS) as dependent variables and the phenologic ordination axes (i.e., derived from the PCA applied to the fused MODIS/Landsat VARI image time series) as independent predictive variables. Model residuals were used to evaluate spatial autocorrelation through the calculation of Moran's I correlograms (Legendre and Legendre, 1998) . If spatial autocorrelation of the residuals was significant, spatial autoregressive models (Besag, 1974; Lichstein et al., 2002) were developed to estimate spatially unbiased regression coefficients. Lag and error autoregressive models were computed (Lichstein et al., 2002) and the most appropriate for our datasets was selected, based on the Akaike information criterion (AIC) (Akaike, 1978 (Akaike, , 1979 .
Results
Patterns of land surface phenology
The average temporal variability of VARI exhibited the typical seasonal pattern of the temperate region (i.e., high and low vegetation index values during seasons with high and low sun angles, respectively) (Fig. 4A) . With respect to the spatial (i.e., inter pixel) variability, the VARI exhibited the highest variance in the middle of spring (ca. day of the year 120) and late summer/early autumn (ca. day of the year 240), while the lowest variances occurred in early spring (ca. day of the year 75), summer (ca. day of the year 200) and late autumn (ca. day of the year 300) (Fig. 4A) . These distinctive patterns in the timing of highest and lowest inter-pixel variance show the sensitivity of VARI to the phenologic differences among the forests of the study region throughout the year. Such phenologic differences among the forests in the study area are mainly driven by the differences in the timing of leaf greenup and senescence at different elevations. In fact, when related with elevation, the VARI exhibited a bimodal pattern with significant negative correlation coefficients during spring (ca. day of the year 120) and autumn (ca. day of the year 280) (Fig. 4B) . This reinforces the strong influence that the elevation gradient has on the patterns of land surface phenology in the forests of the study region. A significant non-linear relationship was found between species richness and elevation, with the highest richness values being exhibited by sampling sites located at elevations around 2500 m (Fig. 5) . This denotes that species richness in the study region is highly influenced by the elevation gradient, with elevations of ca. 2500 m constituting the inflection point of maximum species richness (Fig. 5) .
The NMDS procedure, applied to the inter-plot floristic similarity matrix obtained using presence-absence data of tree and bamboo species combined (i.e., using the Jaccard index), generated two orthogonal axes that represent a two-dimensional floristic space (Fig. 6) . A significant linear relation (although it became marginally significant, i.e., p = 0.057, after accounting for spatial autocorrelation) was found between elevation and axis 1 of the Fig. 6 . Two-dimensional ordination space derived from a non-metric multidimensional scaling (NMDS) procedure applied to the floristic similarity among 62 field plots, using the Jaccard index for presence-absence of tree and bamboo species. Symbol numbers correspond to the four transects along which the field plots were established. Fig. 7 . Relationship between the first axis of the a non-metric multidimensional scaling (NMDS) procedure applied to the floristic similarity among 62 field plots, using the Jaccard index for presence-absence of tree and bamboo species, and elevation. Symbol numbers correspond to the four transects along which the field plots were established. p is the probability of the correlation without accounting for spatial autocorrelation, while p* is the probability accounting for spatial autocorrelation (Dutilleul, 1993) . Fig. 7) , which denotes that the elevation gradient is an important variable structuring the species composition in the study region. Without accounting for spatial autocorrelation, axis 2 of the NMDS exhibited a significant relationship with the distance to the main road (r = 0.406, p < 0.01), which may indicate an effect of human influence on structuring species composition in the study region. However after accounting for spatial autocorrelation this relationship became non-significant (p = 0.35).
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Phenologic similarity as an indicator of floristic similarity
A significant Mantel correlation (r = 0.15, p < 0.001) was found between the similarity in floristic composition (Jaccard index) and the similarity in phenology (Euclidean distance). In addition, the Partial Mantel correlation coefficient obtained using geographic distance as a co-variable to account for potential spatial autocorrelation among field plots, while exhibiting a lower value, was still significant (r = 0.13, p < 0.001). This denotes a significant relationship between floristic and phenologic similarities, even after accounting for spatial autocorrelation.
Statistically significant linear models relating floristic similarity (i.e., NMDS axes) using phenologic similarity (i.e., principal component axes) were obtained, although they were significantly affected by spatial autocorrelation (Table 1) . While both the lag and the error models were significant (p < 0.001) for both, the NMDS axis Table 1 Coefficients of the spatial auto-regressive error models between the Non-Metric Multidimensional Scaling (NMDS) axes (dependent variables) obtained from the floristic similarity (Jaccard index for presence-absence of tree and bamboo species) matrix among 62 field plots, and the first six principal components (PC) obtained from the MODIS/Landsat TM/ETM+ fused image time series of the Visible Atmospherically Resistant Index (VARI). 1 and the NMDS axis 2, the AIC values of the error models were the lowest. Therefore, we present the results of the error models (Table 1) . In these spatial autoregressive linear models, the second, third, and fourth principal components were significant predictors of the NMDS axis 1, while the sixth principal component was a significant predictor of the NMDS axis 2 (Table 1 ). The first principal component was not significant, although it accounts for most of the information in the image time series. However, this component accounts for most of the spatial variability, while it exhibits a lower response to the seasonal variability of the vegetation image time series. The seasonal variability constitutes the most important source of information to assess phenological patterns. These results suggest that phenologic ordination axes obtained using satellite imagery with a high temporal resolution (e.g., MODIS) may be used as suitable predictors of floristic ordination axes obtained using data from field surveys.
Discussion
Results of this study support the hypothesis that there is a significant relationship between floristic similarity and phenologic similarity, and fully agree with the results of a previous study conducted in a different geographic setting (i.e., the Qinling mountains) (Viña et al., 2012) . However, a fundamental assumption in the relationship between floristic and phenologic similarity is that the sampled areas in the field correspond with the pixel resolution of the remotely sensed platform used to assess land surface phenology. When using coarse spatial resolution data such as those obtained by the MODIS sensor system, this assumes that the sampled forest stands are homogeneous within each of the MODIS pixels evaluated, an assumption that is seldom realized. Furthermore, given the proximity among field plots in this study, two or more tended to fall within a single MODIS pixel, thus effectively reducing the number of field plots that could be related with the MODIS dataset. Therefore, it is necessary to reconcile the pixel resolution of the sensor system with the sampling areas of the field plots for better utilizing phenologic similarity patterns as indicators of floristic similarity patterns. An optimal solution would be the use of a sensor system with a high resolution in both the spatial and temporal domains. However, such sensor system is not currently available. Thus, it was necessary to explore alternative solutions.
This study showed the suitability of a high spatial and temporal data set produced by the fusion of MODIS and Landsat imagery for assessing the usefulness of phenologic similarity as a surrogate of floristic similarity. This data fusion allowed reconciling the spatial resolutions of field and remotely sensed datasets, and thus proved useful for synoptically analyzing the patterns of floristic similarity using data collected in smaller areas than the footprint of high temporal resolution satellite systems (e.g., MODIS). Nevertheless, it also posed a challenge in which the effects of spatial autocorrelation were pronounced. Therefore, the effects of spatial autocorrelation need to be incorporated into any analysis before using the fusion of high temporal and high spatial resolution remotely sensed datasets for analyzing floristic similarity across space.
The floristic and phenologic patterns observed in the study region are highly influenced by the elevation gradient. On the one hand, a non-linear relationship between species richness and elevation was found. While there are many variables related with elevation that may exert important effects on species richness and composition (e.g., soil characteristics, climate variables), the nonlinear pattern observed could be explained by the mid-domain effect, which proposes that a higher number of species tends to occur toward the center of a shared, bounded domain due to geometric boundary constraints in relation to the distribution of species' range sizes (Colwell et al., 2004) . However, given the conspicuous deforestation that occurred in the study region mainly following the elevation gradient (i.e., higher deforestation occurring at elevations below 2500 m while limited or no deforestation close to the tree line) even after the Reserve was established in 1975 (Liu et al., 2001; Viña et al., 2007) , the non-linear relation observed could also be explained by the intermediate disturbance hypothesis (Connell, 1978) . This is particularly evident by the positive correlation between the NMDS 2 and distance to the main road, which constitutes a surrogate of human influence (thus of human disturbance). However, this correlation was not significant after accounting for spatial autocorrelation, therefore the effects of human disturbance on the floristic composition of the forests in the study area are not completely clear. On the other hand, similar to what has been reported in other regions (Viña et al., 2012) , a significant linear relationship between floristic similarity (as measured through the non-metric multidimensional scaling procedure) and elevation was found. This linear relationship suggests that particular species associations tend to occur at different elevations. Furthermore, as was also reported for other regions (Viña et al., 2012) , the patterns of land surface phenology were also influenced by the elevation gradient, but following a seasonal pattern in which higher effects are exerted on particular temporal periods (e.g., spring and fall, Fig. 4B ). Nevertheless, our analysis was based on the assessment of linear relationships. While such linear approach simplifies the application of the procedure, it does not account for non-linearities and thresholds, which could negatively influence the use of phenologic similarity for assessing floristic similarity. Thus, further studies are needed that incorporate this complexity.
The procedure presented in this article is oriented to assess floristic similarity rather than particular species compositions/associations. Thus, it is general and less constrained by local characteristics, individual species and/or species associations. In addition, it is based not only on spectral variability (as represented by the spatial changes in a vegetation index derived from multiple spectral bands) but also on phenological variability of vegetation canopies. Therefore, it accounts for, and uses the phenological variability of vegetation canopies to assess floristic similarity. However, it is not clear how the relationship between floristic and phenologic similarities will operate in ecosystems exhibiting less pronounced seasonal dynamics, such as tropical rainforests. Thus, it is necessary to assess the applicability of this procedure in such ecosystems, to assess if this procedure will also constitute a valuable tool for mapping and monitoring their floristic diversity patterns.
The use of phenologic similarity, obtained from the fusion of remotely sensed datasets acquired with high spatial and temporal resolutions, as an indicator of floristic similarity has many benefits. On the one hand, it allows assessing the spatial patterns of biodiversity across broad geographic regions and their changes through time. As such, it provides a synoptic and broad geographic view that is seldom provided by the limited spatial extents of traditional and labor-intensive field surveys. On the other hand, it allows to upscale results obtained at local to regional and even continental scales. Therefore, this procedure has many applications in ecology, biogeography and conservation biology. Examples include the capacity to monitor biodiversity patterns across space and over time in response to environmental changes occurring at different spatial scales (e.g., high spatial resolution changes due to land use, low spatial resolution changes due to shifting climate patterns), assessing the spatial congruence among communities or guilds (McKnight et al., 2007) over broad geographic regions, and helping with the identification of areas requiring further conservation actions (e.g., extensions to protected areas, or establishment of new protected areas), among many other applications. All these applications will support a more comprehensive and inclusive conservation of biodiversity (Ferrier, 2002; Xu et al., 2006) . We recognize that knowledge on geospatial information analysis and spatial statics are required to successfully implement the procedures described in this study, which may constitute barriers for their adoption by institutions involved in the management of natural resources (e.g., departments of natural resources, nature reserves) especially in the developing world. However, such knowledge is potentially less expensive to acquire than the costs of performing extensive field surveys. Giving the capacity to analyze synoptically the spatial patterns of biodiversity across broad regions, the benefits obtained will outweigh these costs. However, more research is required to make the procedure widely available, for instance through the development of off-the-shelf and open-source software packages.
